Abstract-Skill content varies enormously across industries and over time. This paper shows that import competition can explain a significant portion of the variation in various skill measures across manufacturing industries. Industries that face more intense import competition employ more nonroutine skill sets, including cognitive, interpersonal, and manual skills, and fewer cognitive routine skills. In addition, we find that the impact of import competition on skills is not driven by imports from low-wage countries or from China. A number of robustness checks also suggest that our results are unlikely to be driven by econometric problems.
I. Introduction
T HIS paper assesses empirically whether import competition explains skill content in manufacturing industries. And, if so, which skill sets are employed more in the face of more intense import competition?
These questions are motivated by two important trends in the United States in the past few decades that have changed the structure of the manufacturing sector dramatically: the shift in labor demand toward skilled workers (Berman, Bound, & Griliches, 1994) and the substantial rise in imports because of globalization.
As shown in figure 1 of Acemoglu (2002) , the relative supply of skills (measured by college skills) in the United States over the past several decades has increased rapidly, but there has been no concomitant reduction in the college wage premium. On the contrary, there has been a sharp rise in this premium.
Figure 1 of this paper shows the import competition trend in the manufacturing sector: an upward trend in the share of imports from both the rest of the world and from low-wage countries.
We employ the Dictionary of Occupational Titles (DOT) to measure skills directly across industries over time. An advantage of using the DOT is that we do not have to infer skills from the ratios of production to nonproduction workers or college graduates to noncollege graduates. Because both nonproduction workers and college graduates encompass a variety of different skills, inferring skills from these ratios would create difficulties in assessing the particular Received for publication July 3, 2010. Revision accepted for publication April 13, 2012.
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We thank Marigee P. Bacolod and Bernardo S. Blum for sharing their Dictionary of Occupational Titles data with us. We are grateful to Dani Rodrik (the editor) and the two anonymous referees who gave extremely valuable comments that have vastly improved the paper. We also thank Nayoung Lee, Jiahua Che, Junsen Zhang, Dennis Yang, Volodymyr Lugovskyy, Tat-Kei Lai, Jean Eid, and the seminar participants at the Midwest Trade Conference at Northwestern University and the Chinese University of Hong Kong for their many helpful comments. A supplemental appendix is available online at http://www.mitpress journals.org/doi/suppl/10.1162/REST_a_00311. types of skills that respond to change. Following Autor, Levy, and Murnane (2003) , we group the skill measures in the DOT into five types: cognitive nonroutine (including general educational development in mathematics and reasoning and relationship to data), interactive nonroutine (including general educational development in language, relation to people, and direction, control, and planning), cognitive routine (including set limits, tolerances, or standards), manual nonroutine (including eye-hand-foot coordination), and manual routine (including finger dexterity). 1 To measure the intensity of import competition, we employ the import penetration ratio, as is standard practice in the literature (Revenga, 1992; Guadalupe, 2007; Cuñat & Guadalupe, 2009) .
Section II of this paper discusses the economic links between import competition and different skills. To identify the impact of import competition on skill content, we pay special attention to the potential endogeneity associated with import competition in our empirical estimation. First, there is potential reverse causality: skill content may have shaped the level of imports within an industry. Second, it is impossible to exhaust all relevant variables that may explain skill content in our estimation. In particular, there is no universal measure of a diverse set of policies across industries over time. Policies that affect skill content are also likely to affect the level of import competition. Third, measures of import competition inevitably contain noise, which may substantially bias our estimates toward zero in panel estimation. We tackle these endogeneity issues by instrumental variable (IV) estimation. We employ the U.K. import penetration ratios of corresponding industries to instrument those of U.S. industries. Section IV details our use of the IV.
Our results show that import competition explains a substantial portion of the variation in skills employed by manufacturing industries. More specifically, industries that face more intense import competition tend to employ more nonroutine skill sets, including cognitive, interactive, and manual nonroutine skills, and are likely to require fewer routine skills.
These results are robust to the use of the import-weighted exchange rate as an alternative IV. 2 They also remain robust to additional controls, including the capital-to-labor ratio, lagged dependent variables, and other industry-year-varying variables. In addition, we find that the impact of import competition on our skill measures is not driven by imports from China or from other low-wage countries (see table 1 ). This paper is related to the literature on the impact of trade on the U.S. labor market. 3 Revenga (1992) documents the significant impact of import competition on employment and the wage differential for skilled and unskilled labor in U.S. manufacturing industries. Feenstra and Hanson (1996) show that the widening wage gap between skilled and unskilled workers is associated with increasingly globalized competition. In a later study, Feenstra & Hanson (1999) , evaluate the impact of outsourcing and computerization on the wage structure and find that both explain the increase in the relative wage of nonproduction workers. Bertrand (2004) shows that increased import competition affects the labor market by making wages more sensitive to unemployment rates. Guadalupe (2007) exploits two historical events, the 1992 European Single Market Program and the sharp appreciation of the British pound in 1996, to show that an increase in foreign competition raises the returns to skill in the United Kingdom Overall, the literature suggests a strong link between import competition and the labor market.
Another closely related body of literature measures skills directly rather than inferring them from education levels or the ratio between production and nonproduction labor. Bacolod and Blum (2010) measure U.S. employment skills directly using the DOT database and show that rising wage inequality and the male-female wage gap can be explained by changes in skill prices. Spitz-Oener (2006) employs a unique data set from West Germany that measures skill requirements directly and shows that occupations require more complex skills today than they did in 1979. Further, she shows that changes in skill requirements are most pronounced in occupations that underwent rapid computerization.
II. Impact of Import Competition on Skill Content:
A Theoretical Discussion
We discuss three channels through which import competition is related to skills. Increased import competition speeds up changes in industries' input mix, output mix, and production technology to transform inputs into outputs. In turn, it changes industries' skill content. It is important to note that these three channels are not mutually exclusive and in fact are likely to occur simultaneously.
A. Input Mix
Increased import competition encourages industries to switch from consuming certain domestic production processes (inputs) to those provided aboard. In his study of labor market polarization, a major phenomenon in the U.S. labor market, Autor (2010) points out that any production processes (inputs) that can be packaged as discrete activities have the potential to be offshored in a foreign location. This potential has been increasingly realized with the rapid reduction in IT costs, thus rendering coordination among distant locations much more plausible than it was decades ago. Levy and Murnane (2004) distinguish between routine and nonroutine tasks. They argue that rule-based work, which involves minimal complexities and misunderstandings, is a likely candidate for offshoring. Leamer and Storper (2001) make a similar distinction between tasks that require "codifiable" versus "tacit" information and argue that the former is relatively easier to offshore. If increased import competition shifts up the gear of these input mix changes, it also raises the level of demand for nonroutine and interactive skills relative to routine skills.
B. Output Mix
Suppose that the sets of inputs consumed domestically and offshored remain constant. To the extent that different outputs require different inputs, output mix changes alone can drive changes in the use of different skills. Output mix changes along two dimensions: vertical and horizontal.
Interestingly, Khandelwal (2010) shows that short qualityladder industries shrink to a disproportionally greater degree in the face of import competition relative to their long qualityladder counterparts, with "quality ladder" referring to the extent of vertical differentiation in an industry. 4 When threatened by imports, domestic producers "escape" by switching to higher-quality products. This escape, however, is limited by the industry's extent of vertical differentiation. Those with a short quality ladder have less room to escape and are therefore more affected by import competition. A recent Time magazine accords well with Khandelwal (2010) by pointing out that Germany remains strong in manufacturing even though imports are flooding Europe. 5 The country's manufacturing sector survives by focusing exclusively on the manufacture of high-quality, but not necessarily fancy, products. For instance, Germany produces very high-quality chainsaws. To the extent that higher-quality products require relatively more nonroutine than routine skills, because interactions with customers, innovative product development and design, and disciplined engineering are more important in higher-quality product provision, Khandelwal's (2010) finding implies that import competition drives demand for nonroutine skills. Holmes and Stevens (2010) adopt a structural trade model to explain why plant size distribution data show increased import competition to affect large-scale plants more than small-scale plants in the United States Large plants differ substantially from small ones: they are more associated with the mass production of standardized products, whereas small plants generally engage in the craft production of specialty products. Because the provision of specialty goods, often custom-made goods, requires face-to-face interaction between traders, the foreign imports entering the United States are less likely to be custom-made than standardized goods. Standardized imports thus harm large plants more than small ones. To the extent that face-to-face interaction and product customization are more reliant on nonroutine than routine skills, Holmes and Stevens's (2010) model predicts that import competition increases the use of nonroutine skills and decreases that of routine skills.
C. Production Technology
In the face of increased import competition, industries tend to upgrade their capital faster than they otherwise would. They do so both through individual firm upgrading and across-firm, within-industry reallocation. A New York Times article reports greater capital intensity to be one way that U.S. manufacturing firms survive foreign competition. 6 The founder of a U.S. motorcycle company stated that competing with lower-priced foreign competitors requires "workers to 4 In sharp contrast to the previous literature employing prices to proxy quality, Khandelwal (2010) adopts an innovative structural approach to back out quality from price and quantity data. The estimated range of product qualities within an industry proxies for the extent of vertical differentiation in that industry. help squeeze out labor costs through automation and other efficiencies." Guadalupe (2007) points out that if competition fosters technological change, such as computerization, that is skill biased, then competition will be positively associated with the relative demand for skilled labor. She also links product market competition to the weakening of both trade and labor union power, two of the major impediments to the replacement of unskilled labor with capital. Bloom, Draca, and Van Reenen (2011) show that Chinese imports do indeed induce technological adoption among U.S. firms. To the extent that unskilled labor is relatively more reliant on union protection than skilled labor is, competition is associated with higher relative demand for skilled labor.
Even if individual firms do not adopt technological change faster in the face of increased import competition, the accelerated across-firm, within-industry reallocation of activities will upgrade an industry's capital. 7 Bernard, Jensen, and Schott (2006) demonstrate that plant survival and employment growth are negatively associated with exposure to low-wage country imports. Within industries, imports also lead to the disproportionate reallocation of manufacturing activities to more capital-intensive plants. The more intense import competition is, the faster such within-industry reallocation takes place. Provided that capital-intensive plants are more likely to employ nonroutine than routine skills, we expect a positive association between import competition and nonroutine skills.
III. Data and Variables

A. Skill Measures
We combine data from the DOT and the U.S. Current Population Survey (CPS). The DOT is a database that characterizes the multiple skill requirements of various occupations. Matching the DOT and CPS data allows us to characterize workers' skills at the industry level.
The U.S. Department of Labor has published the DOT since 1939. It thus provides measures of the tasks required or performed in more than 10,000 occupations and how they have changed over time. The latest editions are the fourth (1977) and the revised fourth (1991) editions. The information in the 1977 edition was collected between 1966 and 1976, and that in the 1991 revised edition was collected between 1978 and 1990. The former edition describes in great detail the skill levels required in occupations in the 1970s, whereas the latter describes those in the 1980s.
The occupational definitions in the DOT are the result of comprehensive interviews carried out by trained occupational analysts to ascertain how jobs are performed in establishments across the nation and are composites of data collected from diverse sources. The two editions contain 44 skill measures and job characteristics that fall into seven categories: work functions, required General Educational Development (GED), aptitude needed, temperament needed, interests, physical demands, and working conditions. For consistency, the variables are rescaled such that higher values denote higher-level requirements. Our employment data come from the March CPS from 1971 to 2001. Our sample includes all employed workers aged 18 to 65, with the number of nonmissing hours worked. The DOT includes scores for more than 12,000 occupations, whereas the CPS has only 450 occupation codes. The DOT measures are therefore aggregated to a time-consistent census occupation level. All analyses are performed using full-time equivalent hours of the labor supply as weights, that is, the product of individual CPS sampling weights times the hours of work in a sample reference week. The online appendix details the data construction.
Following Autor et al. (2003) , we construct measures for five skills: cognitive nonroutine, interactive nonroutine, cognitive routine, manual nonroutine, and manual routine. The online appendix contains a table with detailed descriptions of the nine raw skill measures in the DOT. As in Bacolod and Blum (2010) , we employ principal component analysis to form more meaningful skill measures. We combine GEDM (math), GEDR (reasoning), and DATA (data) to construct our measure of cognitive nonroutine skills, and PEOPLE (people), DCP (direction, control, and planning), and GEDL (language) to construct that of interactive nonroutine skills. Cognitive routine skills correspond to the raw measure of set limits, tolerances, or standards (STS). Manual nonroutine skills correspond to the raw measure of eye-hand-foot coordination (APTE), and manual routine skills correspond to the raw measure of finger dexterity (APTF). A higher score means the industry requires more of that particular skill set. We z-standardize these five measures to facilitate comparison of the impact of import competition across skills. Table 2 presents the summary statistics of these skills. The skill measures make economic sense when we examine the industries that score the highest and lowest. For cognitive nonroutine skills, the industry with the highest score is electronic computing equipment, and the lowest is footwear, except rubber and plastic. Electronic computing equipment also scores the highest on interactive nonroutine skills, whereas dyeing and finishing textiles, except wool and knit goods, scores the lowest. For cognitive routine skills, the category apparel and accessories, except knits, comes out on top, whereas drugs is at the bottom. The logging industry achieves the highest score for manual nonroutine skills, and not specified manufacturing industries the lowest. Finally, the category apparel and accessories, except knits and sawmills, planning mills, and millwork, scores the highest and lowest, respectively, for manual routine skills.
B. Import Competition
Following Bertrand (2004), we measure import competition using the natural log of the import penetration ratio, imp, imp = ln(imports/ (imports + domestic shipments − exports)). (1) We employ U.S. import and export data of the manufacturing industries from 1970 to 2001 compiled by and discussed in Feenstra ( , 1997 and Feenstra, Romalis, and Schott (2002) . Domestic shipment data are the variable Total Value of Shipments from the NBER manufacturing productivity database. We also further break down imports into those from low-wage and non-low-wage countries using Feenstra's bilateral data for the years before 1989 and Schott's bilateral trade 1408 THE REVIEW OF ECONOMICS AND STATISTICS data from 1989. The import penetration ratios have the same level of aggregation as the skill measures.
In this way, we successfully construct an industry-by-year panel data set of skill requirements using crosswalks across different data sets. The time-consistent industry classification is roughly equal to the three-digit SIC classification. We have data for more than seventy manufacturing industries from 1970 to 2001. Table 2 presents the summary statistics. 8
IV. Empirical Strategy
To investigate the impact of import competition on skill content, we estimate the following equation.
where j and t represent the three-digit industry and year, respectively; skill jt is the skill measure of industry j in year t; and imp jt−1 is the natural log of the import penetration ratio of industry j in year t − 1. The year dummy, δ t , captures any economy-wide technological improvements, cyclical business fluctuations, or economy-wide labor market changes that would have changed the employment of skills. The industry dummy, α j , captures any time-invariant industry-specific characteristics, such as the nature of products and production, or time-persistent industry-specific policies, rules, and regulations that may have affected an industry's skill level. Before proceeding to our estimation results, we discuss several potential econometric problems that may cause bias in estimating equation (2).
Omitted Variables. Although the dummies capture all time-invariant industry-specific factors and economy-wide time-specific factors, we cannot entirely rule out the existence of industry-time-varying relevant but omitted factors that are systematically correlated with our regressor of interest (imp jt−1 ). More specifically, suppose that ε jt = γ·ω jt +υ jt , where ω jt is the industry-time-varying variable that correlates with imp jt−1 , and υ jt is an i.i.d. error term, i.e., E ω jt · imp jt−1 = 0 and E υ jt · imp jt−1 = 0. Hence, the correct estimation equation is
Failing to control for ω jt in the estimation biases the estimate (β) of imp jt−1 , that is,
8 As suggested by a referee, we examine the cross-industry differences in our data set. We find that industries facing a higher import penetration are associated with less subsequent employment (consistent with the results of Revenga, 1992, and Bernard et al., 2006) and industries that are more nonroutine skill intensive, or more capital intensive, face relatively less import penetration. These results serve as good cross-checks of our data. They are not shown here but are available on request.
where σ is the coefficient of regression imp jt−1 on ω jt (Angrist & Pischke, 2009) .
Time-varying industrial and trade policies at the industry level constitute an obvious candidate for such bias. Changes in quota policies and technical regulations are two examples, but the policies should be much more diverse than these two types. The direction of the resulting bias depends on the types of policy changes that the industries enact. One example is illustrated in Essaji (2008) , who shows that a more stringent set of technical regulations on products shields an industry from import competition. To the extent that enacting technical regulations is endogenous, for instance, industries employing more nonroutine skills are relatively more likely to engage in technically superior products and therefore to exert a greater lobbying effort for more stringent technical regulations, we expect the positive impact of import penetration on nonroutine skills to be biased downward (β < β because γ > 0 and σ < 0 when ω jt measures how stringent technical regulations are at time t for industry j).
To the best of our knowledge, however, there is no systematic measure of a diverse set of policies that varies over time and across industries. To address this concern, we thus adopt the IV approach with two alternative instruments. The next sections detail their identification assumptions.
Reverse causality. Potential reverse causality may complicate the estimation of β. To the extent that certain skills are more complementary to dealing with foreign trade than others, an industry's skill content may also shape its contemporaneous trade flow and thus its import penetration ratio. For instance, interpersonal skills are especially important in dealing with foreign traders and thus should facilitate trade more than, say, physical strength.
Potential reverse causality may also stem from importers' self-selection. If the United States has a comparative advantage in industries that require nonroutine skills, then importers may be deterred from such industries and selfselect into industries requiring routine skills instead. 9 It is thus expected that import competition's positive impact on nonroutine skills is underestimated, whereas its negative impact on routine skills is overestimated.
To alleviate concern over potential contemporaneous feedback, we employ the lag of the import penetration ratio as the explanatory variable. 10 Our IV estimation also helps to address this concern.
Measurement errors. Measuring competition is fundamentally challenging because realized competition does not necessarily equal potential competition. 11 In addition to this conceptual challenge, data may also constitute a challenge. Although the trade data we use to compute import competition are comprehensive and carefully constructed, they are subject to certain limitations that render our measure of import competition noisy. First, as Feenstra et al. (2002) pointed out, the import data for 1972 to 1994 released by Feenstra ( , 1997 refer to "imports for consumption," whereas the updated data for 1989 to 2001 in Feenstra et al. (2002) also include "general imports." This inconsistent import definition over time is likely to introduce measurement errors. Second, the aggregation of import value at the ten-digit HS product level to the industry level is fundamentally tricky, as the HS codes used for import data do not always correspond to a single industry. To convert these data, Feenstra ( , 1997 employs the 1972 version SIC codes for import data in the 1972-1992 period, whereas Feenstra et al. (2002) use the 1987 version for import data from 1989 to 2001. The matching between the HS and industry codes is believed to be as consistent over time as possible, but zero measurement errors remains a stringent assumption. Third, Baranga (2009) reports that the U.N. Comtrade data that form the basis of Feenstra's trade data are not themselves free of measurement errors.
These measurement errors may bias the estimate toward 0. In addition, Griliches and Hausman (1986) show that panel fixed-effect estimation exacerbates this bias. To address the measurement error problem, we employ IV estimation to identify the impact of import competition on skills.
Standard errors. As Hsiao (1986) points out, any omitted variables in panel data estimation that have an effect lasting for more than one period cause the errors to be autocorrelated. In our setting, for instance, some time-varying industrial policies that we omit may have a transitory effect that lasts more than one period. 12 We follow Revenga (1992) and compute the standard errors robust to arbitrary autocorrelation and heteroskedasticity to deal with these transitory effects (Newey & West, 1987) . 13 An alternative way to address autocorrelation is to include the lagged value of the dependent variable. 14 However, such inclusion in panel estimation introduces additional estimation bias. Nickell (1981) noted, the lagged value of a dependent variable is automatically correlated with the error term in panel fixed-effect estimation. As a robustness check, we perform dynamic panel estimation using the dynamic panel estimation method that Arellano and Bond (1991) proposed.
Bad controls. In some of the robustness checks, we include several other possible determinants of skill content, such as the capital-to-labor ratio and output levels. However, the inclusion of these additional controls may introduce the "bad controls" problem that Angrist and Pischke (2009) We employ IV estimation to identify the impact of import competition on skill content. Our main instrument is the import penetration ratio of corresponding industries in the United Kingdom in the same year, denoted as imp UK jt−1 . 16 The data come from the OECD STAN Industrial Database (1998 edition). The online appendix details the construction of the U.K. instrument.
This instrument is potentially correlated with the import penetration ratio in the corresponding industries in the United States because it reflects the relative competitiveness of the foreign producers in the industry and the relevant transaction costs of the industry's trade. For example, advances in the global supply-chain management of an industry's major product affect that industry's imports for both the United States and the United Kingdom.
The exclusion restriction requires that imp UK jt−1 is not correlated with ω jt . In other words, the identification assumption is that the import penetration ratio in the United Kingdom is not correlated systematically with trade and industrial policy changes in the United States Imagine an Indonesian businessman who exports to both the United States and the United Kingdom. If the effort he exerts to learn about changes in U.S. industrial policies does not save him the effort of learning about U.K. industrial policies, then our identification assumption holds. To the extent that the United Kingdom does not systematically enact policies, rules, and regulations specific to an industry as corresponding industries in the United States do, we do not expect the import penetration ratio in the United Kingdom to correlate with ω jt .
As a further strategy to make the exclusion restriction more plausible, in constructing the U.K. import penetration ratios, we remove U.K. imports from the United States in the numerator. This minimizes the concern that U.S. trade and industrial policies affect not only U.S. imports, but also U.S. exports to other countries, including the United Kingdom. As long as the U.K. import penetration ratio does not include U.S. imports, our IV is arguably more exogenous to U.S. policies at the industry level.
B. Import-Weighted Exchange Rate
For a robustness check, we also use the lag importweighted exchange rate provided by Goldberg (2004) as an alternative instrument. 17 Bertrand (2004) also employs the import-weighted industry-specific exchange rate to instrument for the import penetration ratio. Revenga (1992) uses it to instrument import prices, and Cuñat and Guadalupe (2009) employ the same instrument for import competition to examine its effect on firms' incentive provisions.
The IV is relevant because exchange rate fluctuations directly affect the relative prices of imports and domestic supply, and hence they affect the intensity of import competition. It satisfies the exclusion restriction because the exchange rate is determined primarily by macroeconomic variables that, conditional on year dummies, can reasonably be regarded as exogenous to the policies of a certain industry within a certain period of time.
V. Main Results
A. Import Competition Explains Skill Content
We examine whether β = 0, that is, all else being equal, whether the intensity of import competition can explain variations in skill levels to a significant extent. 17 As an anonymous referee suggested, we also experiment with using trade cost as an alternative IV. The results show that import competition, after being instrumented by trade cost, has a significant impact on cognitive nonroutine, manual nonroutine, and manual routine skills. Given that trade cost is itself a type of policy and thus violates the exclusion restriction, the associated results have to be interpreted with caution.
Panel A of table 3 uses the U.K. import penetration ratio as an instrument. The period of coverage is 1971 to 1997. 18 The results in columns 1, 2, and 4 suggest that industries with more intense import competition employ more nonroutine skills, including cognitive, manual, and interpersonal nonroutine skills. Column 3 suggests that more intense import competition is associated with fewer cognitive routine skills. Manual routine skills, however, do not appear to correlate with import competition (column 5). 19 The underidentification statistics and first-stage results (reported in the top panel of table 12) show that the IV is strongly relevant and positively and significantly correlated with our regressor of interest, the U.S. import penetration ratio.
Because the skill measures are all z-standardized, the size of the estimated coefficients gives us information on the relative strength of the effects on different skills. Import competition appears to exert stronger effects on both interactive and cognitive nonroutine skills than on manual nonroutine skills.
Panel B of table 3 adopts the import-weighted exchange rate as an alternative instrument. Data on exchange rates allow us to cover a longer period, from 1971 to 2001. The import-weighted exchange rate is at the two-digit SIC level, which is more aggregated than our industry-level classification. Consistently, the weak identification statistics show that this IV is likely to be subject to the weak instrument. Therefore, for statistical inference, we rely on AndersonRubin (1949) statistics, which are robust to the presence of weak instruments. 20 These statistics show that both cognitive and interpersonal skills continue to be significantly associated with the import penetration ratio. In contrast, manual routine skills are now negatively and significantly associated with this ratio. Manual nonroutine skills are insignificant. The general picture, however, is that import competition explains a substantial portion of the skill content of industries.
For comparison, we report the corresponding OLS estimates in panel C. They are largely statistically insignificant. Consistent with our previous arguments, this striking difference between the OLS and IV results may reflect the endogeneity stemming from both omitted variable bias and potential reverse causality. The OLS estimates are much closer to 0 in size too. This pattern is consistent with the concern that measurement errors are exacerbated in panel fixed-effect estimation (Griliches & Hasuman, 1986) , thus severely biasing the estimates down toward 0.
Overall, the results suggest that more intense import competition is associated with the employment of relatively more nonroutine skills, be they cognitive, interactive, or manual. These results from the United States strongly support those in Guadalupe (2007) , who finds the United Kingdom's returns to skill (high-skill relative to low-skill group) to increase under increased product market competition due to exogenous foreign pressure. 21 Because computerization also lowers the cost of trading at a distance (Autor, 2010) , our findings are also consistent with those of Autor et al. (2003) . Further, cognitive routine skills decline when there is more intense import competition, although there is no such significant decline for manual routine skills.
Our results may appear to differ from those in Bernard et al. (2006) who, using the U.S. plant-level data, find that more skill-intensive plants are not more likely to grow within industries experiencing the same level of import penetration. One possible explanation is that the change in skill content within an industry takes place at the extensive rather than the intensive margin. 22 Indeed, in Melitz (2003) , the resource reallocation triggered by import competition occurs at the extensive margin (the entry and exit of plants) rather than at the intensive margin (the growth of incumbent plants). 20 The test's null hypothesis is that the coefficient of the endogenous regressor is equal to 0. The test is robust to the presence of weak instruments. 21 Guadalupe's (2007) high-skill group includes managers and administrators and those in professional occupations that are likely to require relatively more nonroutine cognitive and interactive skills than manual and routine skills. The corresponding low-skill group includes those in occupations of clerical, secretarial, personal and protective, sales services, plant and machine operatives, and in agriculture, forestry, fishing, and other elementary occupations. These are likely to require relatively more routine and manual skills. 22 We thank an anonymous referee for suggesting this explanation.
Meanwhile, Hummels and Klenow (2005) find that the extensive margin is the primary avenue of export growth for large economies, and Evenett and Venables (2002) find that the extensive margin plays a significant role in export growth in developing economies.
B. Controlling for Capital Deepening
The literature has linked capital deepening to changes in skill demand. Capital is more complementary to skilled than unskilled labor. Consequently, capital deepening increases the relative demand for skilled labor. Autor et al. (2003) examine the different degrees of complementarity between various skills and computerization and show that the dramatic fall in computer costs has acted as an exogenous capitaldeepening force, which in turn raises the relative demand for nonroutine sets of skills among industries.
Autor (2010) points out that capital deepening exerts similar, but not identical, effects on different skills to import competition. Although we focus on the role of import competition in explaining changes in skill demand, unless capital deepening in the United States is correlated with our IV (causing a violation of our empirical identification), our findings regarding this role are not driven by capital deepening. This section assesses whether import competition affects skill content, conditional on capital deepening.
To avoid the "bad controls" problem when we control for capital deepening in the regression, we follow Angrist and Pischke (2009) in using a predetermined value, that is, the two-year lagged value of total real capital stock over total employment. Table 4 presents the estimation results. Consistent with the intuition that capital is relatively more complementary to cognitive and interactive nonroutine skills than to other skills, the estimated coefficients of the capitalto-labor ratio are positive and significant for these skills. Consistent with Autor et al. (2003) , capital deepening does indeed appear to replace cognitive routine skills. The results for manual skills, however, are mixed. With respect to our central concern, our finding that import competition explains skill content to a significant extent remains robust to the control of capital deepening.
Panel C of table 4 experiments with four different measures: total real capital stock over total employment, real equipment capital stock over total employment, real equipment capital stock over total production worker hours, and total real capital stock over total production worker hours. The results are reassuringly robust with a very similar magnitude, thus ruling out concerns that our particular measure of capital deepening drives our results.
Comparing the magnitude of the estimated coefficients in table 4 with the corresponding estimates in table 3, we find that controlling capital deepening generally shrinks this magnitude. More specifically, the magnitude of the coefficients for cognitive nonroutine, interactive nonroutine, and cognitive routine skills drops by roughly 15%, although that for manual nonroutine skills increases slightly. These results imply that part of import penetration's impact on skills is associated with capital deepening, which is consistent with the third channel in section 2. 23
C. The Results are Unlikely to be Driven by Low-Wage Countries
Many politicians in Europe and the United States have become increasingly vocal in opposing the recent dramatic increase in trade with low-wage countries. One reason for this opposition is that the increase coincides with a period of increasing wage inequality in the United States. The recent financial crisis has further reinforced this sentiment. In addition, Bernard et al. (2006) show that plant survival and growth in the United States are significantly affected by import competition from low-wage countries.
We perform a conceptual exercise here to determine whether our findings on the impact of import competition on skills are driven by low-wage countries. More specifically, we compute the import penetration ratio excluding imports from low-wage countries as a whole and from China alone, and 23 Bernard et al. (2006) show that the impact of import penetration on plant survival is attenuated by capital intensity. To investigate such an attenuating effect, we experiment with the inclusion of an interaction term between import penetration and capital deepening in the regression. We generally find no significant attenuating effect for capital deepening (except for the estimation of manual nonroutine skills). The results are not reported here, but are available on request. then rerun the IV estimations. 24 ( Table 1 lists the countries that Bernard et al., 2006 , regard as low-wage countries.) The U.K. instrument is also reconstructed by excluding imports to the United Kingdom from China and from other low-wage countries.
The results excluding imports from China are reported in table 5. Panels A and B suggest that our main results regarding the impact of import competition on skills remain robust to the exclusion of these imports. There are slight increases in the magnitude of the estimated coefficients of cognitive nonroutine and interactive nonroutine skills, but decreases in those of cognitive routine and manual nonroutine skills. Panels A and B of table 6 exhibit similar patterns when imports from low-wage countries as a whole are excluded, except manual nonroutine skills becoming marginally insignificant.
These results suggest that occupational skills in the United States from the 1970s to 1990s are unlikely to be driven by imports from low-wage countries. Relative to low-wage countries, non-low-wage countries tend to produce goods of a similar variety and quality to those produced in the United States. Faced with import competition, U.S. producers may move up on the product-quality ladder or innovate to produce new and differentiated products (Khandelwal, 2010) . Both moves require more nonroutine skills. They are also Robust standard errors, adjusted for arbitrary heteroskedasticity and autocorrelation, are reported in brackets. All regressions include constant, year, and industry dummies. The under-id statistic is the Kleibergen-Paap rk LM statistic; the weak id statistic is the Kleibergen-Paap rk Wald F statistic. The Anderson-Rubin statistic is robust to weak IVs; it jointly tests whether the endogenous regressor is statistically significant and whether the overidentifying restrictions are also valid. Significant at *10%, **5%, and ***1%. The corresponding first-stage results are presented in panel B of table 12. Robust standard errors, adjusted for arbitrary heteroskedasticity and autocorrelation, are reported in brackets. All regressions include constant, year, and industry dummies. The under-id statistic is the Kleibergen-Paap rk LM statistic; the weak id statistic is the Kleibergen-Paap rk Wald F statistic. The Anderson-Rubin statistic is robust to weak IVs; it jointly tests whether the endogenous regressor is statistically significant and whether the overidentifying restrictions are also valid. Significant at *10%, **5%, and *1%. The corresponding first-stage results are presented in panel C of table 12.
likely to be associated with the development of new production technologies that further reinforce the need for workers with more nonroutine skills. These results are consistent with the output and production technology channels discussed in section II.
A concern with panels A and B in tables 5 and 6 is the omission of imports from China/low-wage countries. If they are correlated with our IVs, then our estimates may be biased. Panel C of the two tables therefore directly controls for and instruments import penetration from China/low-wage Robust standard errors, adjusted for arbitrary heteroskedasticity and autocorrelation, are reported in brackets. All regressions include constant, year, and industry dummies. Significant at *10%, **5%, and ***1%. The Arellano-Bond (1991) GMM dynamic panel estimators are reported where two-to five-year lagged skill measures are used as internal instruments. Year dummies are included. The corresponding Arellano-Bond tests for AR(1) are statistically significant at the 1% level, whereas those for AR(2) are not statistically significant at the 10% level for any of the estimations. Significant at *10%, **5%, and ***1%.
countries. 25 With respect to the central issue, nonroutine interactive and cognitive skills remain significantly related to imports when low-wage countries are excluded. The weak instrument for imports from China/low-wage countries, however, enlarges the standard errors, thus rendering the other skills less significant.
VI. Robustness
A. Reduced-Form Regressions
Our identification thus far requires that the instrument be relevant and uncorrelated with the error term in the second stage of IV estimation. As a robustness check, we conduct reduced-form regressions: regressing skills on our IVs directly. As Angrist and Krueger (2001) noted, the absence of any correlation between our skill variables and the IVs in 25 The independent variables are redefined as the natural log of 1 plus the import penetration ratio to avoid having an undefined natural log of 0 for the import penetration ratio of China/low-wage countries. Since the redefinition shrinks the standard deviation of the variable, the estimated coefficients of the import penetration ratio from non-low-wage countries are expected to increase to preserve the order of the effects. Because imports from China/low-wage countries may be endogenous, they are also instrumented by the corresponding U.K. import penetration from China/low-wage countries. These instruments, however, are rather weak (as shown in their corresponding first stages in panels B and C of table 12). Controlling but not instrumenting them, we find the estimated coefficient of the import penetration ratio from non-low-wage countries to be statistically significant for all skills except manual routine skills. these reduced-form regressions would cast doubt on whether our regressor of interest does indeed have an impact on skill content. Table 7 shows our IVs to have statistically significant effects on skills, thus ruling out their irrelevance.
B. Controlling for the Lagged Dependent Variable
Because autocorrelation in a static panel estimation may bias the variance-covariance matrix and therefore the statistical inference, we check the robustness of our results using an alternative approach, including the lagged dependent variable as a control. However, because the lagged dependent variable is necessarily correlated with the error term, we employ the dynamic panel estimation method in Arellano and Bond (1991) .
The results, which are reported in table 8, show that the impact of import competition on cognitive and interactive skills remains robust to this alternative estimation method. Although manual skills have the right signs, they are not statistically significant. These results imply that autocorrelation is unlikely to be the major driving force behind the static panel estimation results. 26 At the same time, as the lagged dependent variable also proxies for certain industry-time-varying variables, the dynamic panel estimation results lend further support to the validity of our instruments. The IV is U.K. import penetration for all panels. Robust standard errors, adjusted for arbitrary heteroskedasticity and autocorrelation, are reported in brackets. All regressions include constant, year, and industry dummies. The under-id statistic is the Kleibergen-Paap rk LM statistic; the weak id statistic is the Kleibergen-Paap rk Wald F statistic. Significant at *10%, **5%, and ***1%. The pairwise correlations are all statistically significant at the 1% level.
C. Additional Industry-Year-Varying Controls
A concern with the U.K. IV is that it may be correlated with certain other industry-year-varying characteristics that in turn may be correlated with both the import penetration ratio and the skill content of industries. If so, then the exclusion restriction would fail.
To address this potential concern, we control for several other industry-year-varying control variables in the IV estimation: employment, shipment value, and shipment valueto-labor. 27 To address the potential "bad controls" problem, we follow Angrist and Pischke (2009) in using predetermined values, that is, two-year lagged. The results, reported in table 9, suggest that our main results regarding the impact of import competition on skills remain robust to these alternative time-varying industry controls. 27 These three variables are from the NBER manufacturing productivity database.
D. Ratio of Nonproduction to Production Workers
The ratio of nonproduction to production workers is a common proxy for skills in the literature (Berman, Bound, & Griliches, 1994) . To compare our findings with those in the literature, we collect the information on total employment and the number of production workers from the NBER manufacturing productivity database and calculate the ratio of nonproduction workers as (Total employment − production workers)/production workers. 28 Table 10 presents the unconditional pairwise correlations between the ratio of nonproduction workers and our skill measures. This ratio is positively correlated with cognitive nonroutine and interactive nonroutine skills, but negatively correlated with cognitive routine, manual nonroutine, and manual routine skills. Robust standard errors, adjusted for arbitrary heteroskedasticity and autocorrelation, are reported in brackets. All regressions include constant, year, and industry dummies. The under-id statistic is the Kleibergen-Paap rk LM statistic; the weak id statistic is the Kleibergen-Paap rk Wald F statistic. Significant at *10%, **5%, and ***1%. Table 11 presents the results of our reestimation of equation (2) using the ratio of nonproduction workers as the dependent variable and two alternative instruments. We again find a significantly positive relationship between this ratio and the import penetration ratio. This result suggests that import penetration increases demand for high-skilled labor in U.S. manufacturing industries, consistent with the findings in the literature. It is also consistent with our previous findings. However, with more disaggregated skill measures, we are able to show further that import penetration increases demand for some types of skills (cognitive nonroutine, interactive nonroutine, and manual nonroutine skills) but also decreases demand for others (cognitive routine skills).
VII. Conclusion
This paper assesses empirically whether import competition explains the skill content of the U.S. manufacturing industries. Our empirical results provide supportive evidence of the proposition that import competition explains the variation in skill content across industries over time. We address endogeneity by employing an IV that is strongly relevant and unlikely to fail the exclusion restriction.
Our estimation suggests that industries that face more intense import competition employ more nonroutine skill sets, including cognitive, interpersonal, and manual nonroutine skills. Further, they tend to employ fewer cognitive routine skills. These results are robust to the use of the import-weighted exchange rate as an alternative IV covering a longer period of time. They are also robust to the inclusion Table 6  Table 6 , Panel A Table 6 , Panel B Table 6 , Panel C Table 7  Table 6 , panel A Table 6 , panel B Table 6 , panel C Robust standard errors, adjusted for arbitrary heteroskedasticity and autocorrelation, are reported in brackets. All regressions include a constant, year, and industry dummies. Significance at **5% and ***1%.
of additional control variables and to the use of alternative measures to proxy the level of capital intensity. These effects are unlikely to be driven entirely by imports from low-wage countries. Several possible future extensions are worthy of note. First, we do not distinguish between the impact of intermediate imports and that of final goods imports on skills. Second, we do not distinguish between intrafirm and interfirm imports. Theoretically, these four types of imports may possibly differ in the way in which they affect skills. Data are becoming more disaggregated, thus making it possible to conduct the required investigation in future research.
